TCGA data showed that over 80% of the samples could be assigned to more than one subtype (version 2.0.1) (Maechler et al. 2014) with 20 initializations. We repeated these analyses using 1 3 9 NMF in the R package "NMF" (version 0.20.5) (Brunet et al. 2004 ) with 100 different random 1 4 0 initializations for each k. As done in prior studies, we calculated cophenetic correlation 1 4 1 coefficients to select appropriate k for each dataset after NMF clustering with 10 consensus runs 1 4 2 for k = 2 through 8. cluster-specific moderated t statistic for each of the input genes (Schwender 2012). To 1 4 8 summarize the expression patterns of all 10,930 genes for a specific cluster in a specific 1 4 9 population, we combined gene-wise moderated t statistics into a vector of length 10,930. The 1 5 0 TCGA subtype labels have become widely used in the field. To generate comparable labels 1 5 1 across k and across studies, we mapped our TCGA subtype assignments back to the original 1 5 2 TCGA labels to define reference clusters at k = 4 (that is, mesenchymal-like, proliferative-like, 1 5 3 etc.). Clusters in other populations that were most strongly correlated with the TCGA clusters 1 5 4
were assigned the same label. Any clustering procedure is expected to induce strong correlational structure across 1 5 8
clusters within a dataset even if there is no true underlying structure. However, if there is no true 1 5 9
underlying structure, clusters across datasets are not expected to be correlated. To assess this, we 1 6 0 8 used the same datasets but shuffled each gene's expression vector to disrupt the correlative 1 6 1 structure. We performed within and cross-study analyses of cluster identification using this set of 1 6 2 data that were parallel to those performed using the non-randomized data. Assessing the reproducibility of single-population studies 1 6 5
We compared our sample assignments at k = 2 -4 to the four subtypes reported in the removing LMP samples in order to generate labels for comparison. We provide software to download the required data and reproduce our analyses. The Our Docker image can be pulled from here: https://hub.docker.com/r/gregway/hgsc_subtypes/. This allows interested users to freely download the software, reproduce the analyses, and then 1 7 7 build on this work. All data used in this analysis is publicly available including data we 1 7 8 generated (accessible under GEO accession GSE74357). clusters ( Supplementary Fig. S2 ). Clustering results using NMF were similar to k means results 1 8 6 ( Supplementary Fig S3) . Across datasets, we observed strong positive correlations of moderated t score vectors 1 9 0 between analogous clusters in TCGA, Tothill, Mayo, and Yoshihara ( Fig. 1 ; Table 2 ). However, 1 9 1 clustering of the Bonome data did not correlate strongly with clusters identified in the other 1 9 2 datasets ( Table 2) . We believe that we were unable to assign parallel subtypes in Bonome 1 9 3 because of either RNA contamination or inappropriate grading assignments. However, more 1 9 4
work is required in order to identify exactly why we were unable to classify. To assess our analytical approach, we performed an analysis using randomized data. This 1 9 6
showed that within-population correlation structure was induced by clustering, but structure 1 9 7 between populations was not ( Supplementary Fig. S4 ). Comparing Figure 1 with S4, we 1 9 8 observed much higher correlation across datasets ( Fig. 1) , which was lost after randomization 1 9 9
( Supplementary Fig. S4 ). For example, for k = 2, the TCGA and Mayo cluster correlations for 2 0 0 analogous clusters was high (top left panel in Fig. 1 ). Conversely, the same relationship in 2 0 1 randomized data (second row, first column panel in Supplementary Fig. S4 ) showed correlations induced by similar underlying structure in the data. between non-analogous clusters were stronger for clusters identified when k = 2 and k = 3 than 2 0 6 when k = 4 ( Fig. 1) , with comparable statistical precision ( Supplementary Table S2 ). These 2 0 7
cross-population comparisons suggested that two and three subtypes fit HGSC gene expression 2 0 8 data more consistently than the four widely accepted subtypes. Within each population, clusters identified by NMF were similar to those identified using 2 1 0 k-means clustering (Fig. 2 ) suggesting that these results were independent of clustering 2 1 1 algorithm. With NMF, both positive and negative correlations were stronger for k = 2 and k = 3 2 1 2 than for k = 4. Across k = 3 and k = 4, correlations were strongest for clusters 1 and 2. Sample cluster assignments for both k-means and NMF clusters are provided in Supplementary Table S3 . Comparison with previously-identified HGSC clusters 2 1 6
Our clustering results for the Tothill, TCGA, and Mayo datasets were highly concordant in sample assignments to the previously-defined clusters (Table 3) . Our cross-study cluster 1 was 2 2 0 mostly mapped to the "Mesenchymal" label from TCGA, "C1" from Tothill, and "C4" from 2 2 1
Mayo. This cluster was the most stable in our analysis within all datasets, across k = 2, 3 and 4, 2 2 2 and across clustering algorithms. Cross-study cluster 2, which was also observed consistently, 2 2 3 was most similar to the "Proliferative" label from TCGA, "C5" from Tothill, and "C3" from Mayo. Cross-study cluster 3 for k = 3 was associated with both the "Immunoreactive" and 2 2 5
"Differentiated" TCGA labels, "C2" and "C4" in Tothill, and "C1" and "C2" in Mayo. For analyses where k = 4, the third cluster was associated with "Immunoreactive", "C2", and "C1" 2 2 7 11 while the fourth cluster was associated with "Differentiated", "C4", and "C2" for TCGA, Tothill, 2 2 8
and Mayo respectively. suggested that two or three clusters fit HGSC data better than four clusters. To compare with previous results, we evaluated the number of subtypes that fit the data 2 3 6 best within each study by calculating cophenetic correlation coefficients at k = 2 through k=8 2 3 7 clusters inclusively. We observed a similar pattern in each population ( Supplementary Fig S5 - on the heatmaps, appeared to have the highest consensus. In every dataset, four clusters were not 2 4 0 observed to represent the data better than two or three. The only results in previous studies that To assess the extent to which serous borderline tumors inclusion drove the TCGA results, ; we indeed observed that the cophenetic correlation is higher for k = 4 than k = 3 (Fig. 3A ).
4 9
However, when we appropriately removed these serous borderline tumors we observed an 2 5 0 12 increase in the k = 3 cophenetic correlation (Fig. 3B ). The results that support four subtypes were 2 5 1 generated during clustering of HGSC and serous borderline tumors combined. Subtyping 2 5 2 analyses of HGSC alone reveal less than four subtypes. Even after subtyping there remains a 2 5 3 complex and nuanced portrait of the disease. Although prior studies have reported the existence of four molecular subtypes of HGSC Institute TCGA Genome Data Analysis Center 2014), our analysis suggests the existence of only 2 5 9 two or three subtypes. This conclusion is based on our observation that concordance of 2 6 0 analogous subtypes across study populations was stronger for two or three clusters as opposed to 2 6 1 four. Previous studies used either k-means or NMF clustering, and because our results 2 6 2 contradicted prior work, we performed analyses using both of these methods. Results for each 2 6 3 population were similar for the k means and NMF clustering algorithms suggesting that the 2 6 4 clustering algorithm did not drive the observed differences. Because cross-population comparisons suggest that two and three clusters show more 2 6 6 consistency than four, we explored within-study heuristics (cophenetic correlation coefficients) 2014). We observed the same patterns in our own reanalysis of TCGA and analysis of the 2 7 3 13 expanded Mayo cohort ( Supplementary Figs. S5 and S6 ). Yoshihara and Tothill did not report 2 7 4 cophenetic coefficients, but our analysis of each ( Supplementary Fig S7 and Fig 3A) In the previous literature, the only report to suggest that three subtypes were indicates that they did not remove serous borderline tumors from the Tothill data. Our analysis of tumors, and observed a drop in the cophenetic coefficient for k = 3 relative to k = 4 ( Fig. 3 ). This There are several limitations to note in the HGSC data we analyzed. Given the intra-2 8 8 tumor heterogeneity that is likely to exist (Blagden 2015), our approach would be strengthened populations we studied used comparable guidelines to determine histology and grade. We higher grade counterparts (Vang et al. 2009 ). While the Bonome publication specified that they 2 9 5
included only high-grade tumors, grade is not included in the Bonome GSE26712 data set, so we 14 were unable to determine whether the grade distribution differs from the other studies (Bonome In summary, our study demonstrates that two clusters of HGSC, "mesenchymal-like" and suggests that the previously described "immunoreactive-like" and "differentiated-like" subtypes 3 0 5 appear more variable across populations, and tend to be collapsed into a single category when 3 0 6 three subtypes are specified. These may represent, for example, steps along an immunoreactive 3 0 7 continuum or could represent the basis of a third, but more variable subtype.
3 0 8
Our analysis also reveals the importance of critically reassessing molecular subtypes 3 0 9
across multiple large study populations using parallel analyses and consistent inclusion criteria. histopathology, contradict the four HGSC subtype hypothesis, and suggest that there may be 3 1 3
fewer HGSC molecular subtypes with variable immunoreactivity and stromal infiltration. We would like to thank Sebastian Armasu and Hsiao-Wang Chen for help with statistical analyses and data processing and Emily Kate Shea for helpful discussions. Center Developmental Funds. algorithm to find 2, 3, and 4 clusters. Differences across datasets arise from inherent array differences and/or differences in quality 3 4 8 control preprocessing. cluster 2, green for cluster 3, and purple for cluster 4. In the matrices, red represents high Supplementary Figure S3 . NMF consensus matrices for datasets when k = 2, k = 3, and k = 4.
The first track represents cluster membership for k means clusters and the second track represents silhouette widths. Note that NMF clusters are not ordered in the same way as the k 3 6 2 means clusters. 
